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ABSTRACT 
Since medical data has gone digital there has been a lack of standardization among 
wearable devices for managing the data. Evidation Health is a company that collects 
biometric data from a wide variety of wearable devices through their app, Achievement.  
Evidation is built upon a foundation of user privacy and control over permissioned health 
data. This project is in partnership with them, focusing on creating a standard data model 
and ETL tool for sleep and step data across the wearable devices Fitbit, Apple Watch, 
and Oura Ring. There is not yet a successful standardization for this health data, and the 
current system is not efficient for data analysis within Evidation or in collaboration with 
other companies. The public stands to benefit from this project because a successful 
standardization would make this data more efficient for analysis and in turn better aid 
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1. Introduction and Background 
This project was completed in partnership with Evidation Health. Evidation collects 
biometric and health data through a wide variety of wearable devices with their app, 
“Achievement”. Using this data combined with surveys that Achievement members take, 
they are able to collect and analyze this passive, continuous, everyday behavior data and 
use it towards research to characterize health outcomes. Evidation creates algorithms that 
predict disease onset, progression/regression of disease, and identify key intervention 
points. Their goal is to better understand disease and health.  
The current system’s lack of a standardized structure is not efficient for data analysis 
within the company or in collaboration with other companies. This issue can cost 
companies thousands of dollars in the coming years. This goal of this project was to 
create a standard data model for biometric sensor data. A successful standardization of 
this health data has not yet been done. This project focuses on the devices Fitbit, Apple 
Watch, and Oura ring, and the metrics sleep and step data.  
 1.1 Current State  
The diagram below shows the final data process flow including the standardized data 
structure as the highlighted step. Based on information from the sponsor, this highlighted 
step is the projected area that the standardized structure will fit into Evidation’s current 






Figure 1: Final Data Process Flow Chart 
2. Problem Description 
2.1 Problem Statement 
There is a lack of standardization across wearable devices for collecting and analyzing 
their data. This project’s goal was to create a standard for this sensory data for the 
following metrics and devices selected: steps and sleep for Fitbit, Healthkit, and Oura. 
These are only 2 metrics out of 35 metric sources of data, and 3 devices out of 32 device 
sources of data. This structure will aid in allowing more biometric data to be used for 
Healthcare purposes, benefiting Evidation and the public as a whole.  
As evidenced by Figures 2-4 below, each device has an entirely different data structure 
and data format for each metric. The different data structures require the data from each 
device-metric to be individually extracted and transformed, which is a huge inefficiency 
and waste of time and resources. A standardization of the raw data would resolve the 
problem.  
With the rise of wearable fitness technology, there is a growing number of metrics (heart 
rate, steps, blood pressure, sleep, etc.) and wearable devices. Evidation works with a wide 
variety of wearable devices and metrics, and they want this standard data model to work 





Figure 2 Fitbit Sleep Data 
 
Figure 3 Oura Sleep Data 
 
Figure 4 HealthKit Sleep Data 
2.2 Constraints  
This project as a whole is constrained to the deliverables and objectives that Evidation 
outlined. The research and solution efforts are focused on creating a standard data 
structure and modular ETL tool as Evidation has requested, and only solution options 
within the guidelines of these deliverables are explored. Another constraint involves the 
data structure chosen. The options were constrained to a tool that utilizes SQL, per the 
sponsors preferences. An economic constraint is not having direct access to all three 
devices being analyzed (FitBit, Oura Ring, and Apple Watch). Public health and safety 
poses a constraint because health data is private information, and therefore this project 
did not have access to unlimited amounts of data. Ethical constraints involve tracking 




accuracy of the data since wearable devices are sometimes not solely used for health 
tracking, but instead as a symbol of status or for aesthetic purposes.   
2.3 Method   
First, research was completed on step tracking, sleep tracking, and the data 
standardization processes. Next, data was collected. Figure 5 below shows the data 
collection plan.  
 
Figure 5 Data Collection Plan 
Then, a final solution design out of three different data standardization structures was 
selected. Finally, the ETL tool and data model were finalized. Next steps were to verify 
and validate the final product. This was done by testing the final solution with a second 
data set, and by receiving feedback from Evidation. This is all outlined in figure 6 below.  
Figure 6 Timeline 
 




3.1 Background Research 
3.1.1 Step Data 
  3.1.1.1 Accuracy of Multiple Devices 
Thomsen and Hirata (2020) conducted an experiment to look into different metrics for 
recording steps, the accuracy of each one, differences between each one, and also discuss 
how each one tracks steps on a treadmill. According to the authors, the smartphone was 
consistently the most accurate in relation to the video (Thomsen & Hirata, 2020).  
Something else to consider was the fact that these tools track steps in other scenarios, not 
solely on treadmills. 
Veerabhadrappa, Moran, Renninger, Rhudy, Dreisbach, and Gift (2018) discuss a test 
study that was done to assess how accurately an apple watch tracks steps. The conclusion 
of the study, according to the authors, was that apple watches track step data fairly 
accurately and can be trusted to use among the general public (Veerabhadrappa et al, 
2018).  
Most studies have been done to track how accurate wearable devices are at tracking steps 
on a treadmill. This project was on standardizing the tracking of steps in general, which 
includes many different types of activity. Xu, Yu, and Shull (2016) did an analysis on 
tracking steps going up and down the stairs, as well as tracking steps on a treadmill as 
discussed previously. Based on the results of the study, when completing this project it 
had to be kept in mind how data from walking up and down stairs is tracked versus 
walking on flat ground. This also required the completion of further research into other 
forms of movement where steps get tracked, and evaluate that for accuracy.  
 
  3.1.1.2 Defining Success of Step Data 
 
Degerli (2020) addresses what can help with making a wearable tracking device 
successful. For it to qualify as successful according to Degerli, it must help improve an 
individual’s experience or society. “Consumer attitudes, personal innovativeness, and 
health interests” are the most common factors involved with someone purchasing and 
wearing a device (Degerli, 2020). 
 
McCullough, Aguiar, and Ducharme (2020) discuss how to standardize steps from 
different metrics when coming from a treadmill. It is important to understand and define 
what a “step” is. The Consumer Technology Association (CTA) came up with a way to 
validate if the metrics recorded on steps on a treadmill would fit the criteria for analysis 
(McCullough et al, 2020). Before analyzing different metrics for counting steps and 
standardizing the data, it is important to have a structure for which data is accurate or not. 
 
3.1.1.3 Step Data Conclusion 
 
Assessing the accuracy of the steps being tracked is important before standardizing the 




activities and more research needs to be done on the different activities. Overall, these 
devices are accurate, and the project can continue with standardizing the data. 
 
3.1.2 Sleep Data 
Apple Watches, Fitbits, and the Oura Ring all are wearable activity trackers that can track 
user sleep. To collect sleep data, Fitbit and Apple watch use sensors that track heart rate 
variability (HRV) and body movement (Haghayegh, 2019). Oura Ring uses sensors to 
track heart rate variability, body movement, and also body temperature and respiratory 
rate.  
Heart rate variability (HRV) measurements have been used to monitor sleep, stress, 
drowsiness and exercise training. In Apple Watches, Fitbits, and the Oura Rings, HRV is 
derived from a pulse signal recorded by photoplethysmography (PPG), including a light 
source that illuminates the skin, and a photodetector, which measures the intensity of the 
reflected light. The pulsatile changes in the reflected light are induced by fluctuations in 
blood flow (Hernando, 2018).  
HRV is used in both Fitbit and Oura Ring to detect the sleep structures light sleep, deep 
sleep, and REM sleep, and how long the user spends in each one (Kinnunen, 2020). To 
predict sleep quality, Apple Watches, Fitbits, and the Oura Ring also all use an embedded 
triaxial accelerometer to track the frequency and intensity of a user’s movements (Liang, 
2018). Significant movements such as rolling over count as being awake. The start of 
sleep is automatically detected if the user has not moved for approximately 1 hour. Fitbit 
and Oura Ring give the user a calculated sleep quality score after they have synced their 
devices, but Apple watches don’t do that. They focus more on the time you go to bed, and 
what you do while you wind down before falling asleep. 
Wearables such as these three devices can be used for continuous monitoring of people at 
high risk of developing disease, and allow for intervention in the early stages. This is 
right along with Evidation’s goal, to predict disease with health data (Kinnunen, 2020). 
  3.1.2.1 Accuracy of Multiple Devices 
In terms of accuracy, all 3 devices showed a strong correlation to a polysomnography 
(PSG) test, which is a sleep study that is used to diagnose sleep disorders by recording 
brain waves, oxygen levels, heart rate, breathing, and eye and leg movements (de 
Zambotti, 2018) (de Zambotti, 2019) (Roberts, 2020) (Walch, 2019).  
3.1.3 Standardizing Data:  
  3.1.3.1 Health Data Standardization 
OHDSI (Observational Health Data Sciences and Informatics) is a multi-disciplinary 
collaborative with the goal of using large-scale analytics to bring the value out of health 
data. In their examination of data standardization with respect to health data, OHDSI 




important, and their work to develop a common data model for healthcare data. The 
problem with healthcare data is that data is collected for a variety of different reasons by 
many different organizations. This results in data being stored in multiple ways and 
different database systems, so similar data concepts can be represented in different ways 
from system to system. Data standardization in healthcare data would allow multiple 
different data sources to be used to gain better insights.  
 
  3.1.3.2 Data Consolidation and Identity Resolution 
 
Similar to standardization, identity resolution is the process of resolving two or more 
representations of data into one unique representation object (Loshin, 2009). Loshin 
identifies three key tools in the identity resolution process: data parsing and 
standardization, data transformation, and record matching, but this project will be 
focusing on the first two tools since they are most relevant to the project. Data parsing 
and standardization is extremely important when consolidating data from multiple 
sources into one representation. Parsing and standardization involves identifying the key 
values and relevant components of the data, then extracting and organizing them in a 
logical way. Loshin (2009) uses names and the different ways they can be stored as an 
example, but the same concept can be applied to this project with healthcare data. Once 
the key values are identified the data is extracted and transformed to fit the standardized 
data structure that has been decided upon to represent the data model. 
 
  3.1.3.3 Data Cleansing and Management 
 
Before extracting data, it must be analyzed to ensure there are no major quality issues. 
Data cleansing or data scrubbing is the process of analyzing data and correcting and 
improving any errors or issues present. Different data cleansing techniques are required 
for different data quality issues. Allen and Cervo (2015) identify 8 core data quality 
issues that need to be addressed: completeness, conformity, consistency, accuracy, 
uniqueness, integrity, validity, and timeliness. Allen and Cervo (2015) analyze each of 
these issues as they apply to a Master Data Management (MDM) model, and identify 
ways to mitigate each potential error. The primary issue at stake with health data is data 
conformity, as there are multiple different data sources and data structures that need to be 
reconciled into one standard data model. Data conformity is the primary issue with the 
data sets overall, however the other issues can still be present within each data source 
itself, so it is important to identify these issues and mitigate them through data cleansing 
techniques.  
 





Linstedt and Olschimke (2016) evaluate data standardization and the role it plays in the 
data quality of a system. In their analysis, they describe different examples for data 
standardization techniques to help enhance potential business communication. The 
examples include: stripping extraneous punctuation and white spaces, rearranging and 
reordering data, domain value redundancy, format inconsistencies, mapping data. 
Stripping extraneous punctuation is a straightforward strategy to eliminate unnecessary 
information and ensure format uniformity. Rearranging and reordering data can be 
necessary when data from different sources is in different orders, or when there is an 
implicit order for the elements in a data structure. Domain value redundancy occurs when 
data from different sources use different units, which can necessitate listing multiple units 
for the same attribute, or converting the attribute to a uniform unit of measure. Format 
inconsistencies need to be eliminated as they hinder data analysis, so transforming data 
from different sources into a uniform format is necessary. Reference codes and 
abbreviations used in analysis should also be considered when formatting and mapping 
data in a system.  
 
  3.1.3.5 Extract, Transform, Load 
 
Reeve (2013) analyzes the Extract Transform Load (ETL) process and how it is used in 
data integration, as well as preparatory measures that need to be taken in order to 
maximize success. Before extraction is performed, data must be profiled. In profiling, 
data is analyzed and reviewed to better understand the format and content. Profiling data 
helps confirm the structure of the data and identify any quality issues before extraction. 
Once the data is profiled, the data can be extracted. In extraction, the data is either copied 
by the source system, or pulled out by an extraction system. For the purposes of this 
project, the tool will extract the data from the existing system. Reeve (2013) describes a 
phase between the extract and transform steps called staging, where extracted files are 
stored on the target server and at various staging points. This project will be using SQL 
queries for ETL, so it will be evaluated with the sponsor whether staging is necessary and 
worth the speed costs. The final stage, load, is simply getting the data into the target data 
structure. The data should be successfully cleaned, profiled, and transformed prior to 
loading, and then validated and verified once the load is complete. 
 
4. Solution Design and Evaluation 
4.1 Overview and Defining Problem  
The scope of the project was determined, a problem statement was identified, root causes 
were established, and what success for the project would look like was outlined. To 
define the problem statement, bi-weekly Zoom meetings were held with the sponsor from 




4.2 Root Cause Analysis 
The root causes of the problem were established by utilizing a cause and effect diagram, 
as shown below in figure 7. Some root causes that were obvious are highlighted in red 
and include: different companies, and different devices being used to track the data. 
Some root causes that are uncontrollable are crossed out and include: competition 
between differing companies, ineffective use of the devices, and resource availability for 
the companies. The root causes that needed to be investigated further, and ultimately led 
us in a direction for research, are highlighted in yellow and include: devices collect/hold 




Figure 7 Cause and Effect Diagram  
Another attempt at finding the root causes involved a 5-why analysis that led to a causal 
tree analysis shown below in figure 8. The 5-why analysis led us to dive deeper into why 
some of the problems were happening from the cause and effect diagram. This analysis 
led us to realize that some root causes of variability in the health data include: data 






Figure 8 Causal Tree Analysis to Validate Root Causes 
4.3 Setup and Data Pre-processing  
 4.3.1 Processing Tools and Data Format 
When downloading patient-generated health data from wearable devices, the data is 
usually exported in a .json file. JSON, which stands for JavaScript Object Notation, is a 
common file format that stores and transmits data objects as readable text. Since raw data 
directly from wearable devices comes in a JSON format, these JSON files were provided 
to create and develop the solutions. For developing the solution, the sponsor 
recommended using a language and platform that is able to handle big data and supports 
SQL and SQL queries, so that the solution would be easy to scale and integrate into their 
system. Along with standard python, the primary tool chosen for solution development 
was Apache Spark (through the python package, PySpark). Spark is a unified analytics 
engine for large-scale data processing, that also has support for SQL and other data 
analysis libraries. These tools allowed for effective solution development and allowed the 
project to meet the sponsor’s requirements.  
 4.3.2 Cleaning and Extracting Data 
Before work could be done on creating the final data structure, first the example data 
from the provided JSON files had to be cleaned and extracted. The first step in project 




irregularities and errors. Prior to loading the data into spark, it had to be parsed through 
and corrected for formatting errors that can prevent spark functions from correctly 
reading the data set (Pyspark, 2020). Different data structures were combined into one 
file for the raw example data, which caused unexpected null values and errors when 
extracting the data into a spark dataframe. To correct this issue, a python script was 
developed which did the following: the json files were read in line by line, split up by 
row, stripped and replaced formatting errors, and written to three new json files. The new 
json files were then read into spark dataframes and merged to form the correct initial data 
structures. Once this process was complete, the data reworking could begin.  
4.4 Alternative Design Evaluation  
 4.4.1 Potential Solutions 
The deliverables for the final solution were outlined clearly at the outset of the project. 
Per the sponsor’s request, a standard data structure for sleep and activity data was 
created. In addition to this, an ETL tool on a SQL-based platform (Apache Spark) to 
transform the data into the standard data structure was also created. However, within the 
provided deliverables there were significant decisions to be made with regards to the 
design and methods for the solution. The primary challenge for solution design was 
determining what data to include and how to format it. After reading through the API’s 
for all of the devices, three potential solution designs were decided on, each with a 
different level of data processing and refinement, as seen below in Table 4. 
 
Solution 1 Solution 2 Solution 3 
Include all data from all 
three devices 
Include relevant data from 
all three devices, eliminating 
unnecessary or complicating 
data categories 
Include only data categories 
that all three devices have in 
common 
Data Processing: Low 
All fields collected from 
devices get processed 
and put into a 
standardized version. 
Data Processing: Medium 
Only relevant fields 
collected from devices get 
processed and put into a 
standardized version. 
Data Processing: High 
Only in common fields that 
are collected from devices 
get processed and put into a 
standardized version. 
 
Table 1: Possible Solutions 
 




To make the final decision of what data should be included in the final format of 
standardized data, the first step is to identify the most important information. Giordano 
(2011) explains that “from the Core Data Elements List, identify and prioritize the critical 
data elements needed for the intended target and ensure that the right data elements are 
being focused on in the correct sequential order ” (Giordano, 2011). Critical data is data 
that is needed to carry the information of each line of data and also is the information that 
is most crucial for analysis.  
The solution will include as much valuable data as possible, even if the data is null for 
other devices; this means the device did not register a value for that category. Some of 
the data included in the final format can be seen in Table 1 below. The alternatives to the 
design selected would include only data that each device had or include a combination of 
data that some devices had and data that was not as relevant. The final solution chosen 
gave Evidation as much usable data as possible, while ensuring the data included would 
be useful. 
 
Example of Categories in Final Solution 
Sleep Steps 
Date Started Date Started 
Date Ended Date Ended 
Duration of Period Distance 
Time Asleep During Period Elevation Gained 
Efficiency Calories Burned 
Heart Rate Duration 
Score  Workout Type 
 
Table 2: Categories in Final Solution 
 4.4.3 Discussion Data Not to Include  
After deciding to include all relevant data, even for categories that not all devices have, it 
needed to be determined what “relevant data” is. Giordano (2011) explains in his guide to 
data integration that “Once the key data is identified, it is important to periodically audit 
that data and when necessary clean or renovate bad data.” Data that was not valuable to 
the analysis of health from the collected data was removed. Valuable data was defined as 




This included information like the timezone of the data collected, the ID number of the 
device it came from, etc. Some more examples of this data are shown in Table 2. 
Alternatives to this solution would be including the data that is not even relevant, or 
removing more data than provided in the final solution. 
 
Example of Categories Not In Final Solution 
Sleep Steps 
Timezone Hardware Version 
ID of Device ID of Device 
Audio Recording Active Zone Minutes Boolean 
Temperature Trends Device Software Version 
Hypnogram Owner Identifier 
 
Table 3: Categories Not in Final Solution 
 
 4.4.4 How to Transform the Data 
In addition to selecting which data categories to include, decisions were made on how to 
transform the data and what it would look like in the standard data structure. For selecting 
the units and data type of different data attributes, the most efficient calculation and 
standardized all three devices to this standard were selected. For example, if two of three 
devices listed a data category in minutes, minutes were used for that category in the final 
data structure. In addition to units and data types, decisions were made on the structure 
and format of the final data model. The raw data came with some categories embedded 
multiple levels down, and data attributes within structures listed under other data 
attributes. For the final data structure, any embedded categories and attributes within 
structures would be extracted and transformed to create a flat dataframe. This strategy  
makes the data in the final data structure much easier to work with and analyze for the 
end user.  
5. Final Solution Design and Evaluation 
5.1 Final Solution Overview 
The final solution will include categories that all three devices share, and all categories 
that add relevant value to the analysis of health.The most important step in the 
standardization process was deciding what data to include, what format it should be in, 




Two spreadsheets were created to compare categories from each device to one another; 
one for sleep data and one for step data seen in the figure below. The data type of each 
category is what logically makes the most sense based on the original format of the data. 
The majority of devices will determine the final format. For example, time awake of 
sleep data is originally provided in minutes for two devices and seconds for one device, 
so the final result will include time awake in minutes.  
Since critical information is information that carries value to the end solution, critical 
data should be prioritized, focusing on including as much data as possible. In health data 
any extra piece of information can help, so the solution is intended to make the data 
easier to access and analyze, while still preserving the key information from the devices. 
Figure 9 below shows an example of the data organization.  
 
Figure 9: Data Organization 
5.1.1 Data Collection 
It is important to recognize that the format of data from FitBit, Oura Ring, and HealthKit 
changes over time. This caused finding data and standardizing it for future use a 
challenge. To ensure the system would work for changing of the devices in the future, a 
standard column name for each section was made. With this approach, changes to column 
names and data can be easily made by Evidation, for future use. 
5.1.2 Formatting the Data 
To begin the process of standardizing the data, first research was done on how similar 
projects in the past had approached the problem. Some important insight found was an 
outline of steps to begin the process. These steps include: obtaining all necessary data, 
outlining the data sharing agreement, work on combining data sets to maximize data 
available, clean the data and identify what is necessary, verify your data is an accurate 
representation of the device, and lastly analyze the data (de Arriba-Pérez F & Caeiro-
Rodríguez M, 2016). This approach was used to initially begin the analysis process. 
Most of the data has been provided to us by Evidation in the form of JSON files. Before 
analyzing the data directly from those files, first a solution was designed to get the data in 




combined, which required us to split up the single JSON file into four separate JSON 
files: sleep data for creation, sleep data for testing, step data for creation, and step data for 
testing. Spark was used to do this, and research was done on the language in order to read 
the files into Jupyter Notebook files (Damji, 2021). 
Data not provided by Evidation was provided from fellow classmates, and consent was 
given to use their personal data. Multiple student’s data was able to be combined into one 
JSON file. This was done for the HealthKit sleep data. 
5.1.3 Understanding the Data- API’s 
In order to standardize the data given, research was done to find knowledge of what 
values in each category represent. API documentation from the device websites was used 
to decipher what the data from each device meant. Using API data is a great way to 
understand what you are working with and can help you make connections between data 
sets (Peng & Goswami, 2019). Without the API documentation standardizing the data 
between platforms would be a guessing game of what category is equivalent to each other 
from varying devices. It is essential to understand what each category means numerically, 
before equating it to a category from a different device (Peng & Goswami, 2019). 
5.1.4 Final Solution Example 
Figures 10 and 11 below show an example of the data before and after transformation.  
This example is showing what the original set of Oura ring sleep data looks like, and how 






Figure 10: Original Data Schema Example (Oura Ring Sleep) 
 
 







6. Verification and Validation  
6.1 Verification Plan 
It is essential that the tool created gives an output of accurate data. In an article 
discussing the use of health data to predict sleep apnea, researchers discussed the 
importance of having caution when using the data to predict disease since bias is 
impossible to eliminate entirely (Stierer, 2020). This is important to note since the tool’s 
intended use is the analysis of health data to predict health problems and diseases. The 
data must be as accurate as possible, and therefore it will be verified that the tool is 
working correctly. 
In addition to data accuracy, a primary objective of ETL testing and verification is to 
relieve defects in the data, and data completeness validation. Data completeness 
validation is intended to verify that all the data is loaded completely and as expected 
(Yulianto, 2019). A general practice to ensure data completeness is to audit the data after 
it goes through the ETL process to verify there are no defects, errors, or missing values. 
This is usually done both during the development phase with the training data, as well as 
when testing with a new set of data.  
As outlined by Yulianto, a common data science workflow is to use separate sets of data 
for development and testing of data models. Initially, two weeks of sample data to use for 
the data structure and ETL tool development were provided. This data was split into 
separate data sets, with the intention of using the first week of data to train and develop 
the ETL tool and data structure, while the second week of data can be used to test and 
verify it. For verification, a second set of data was imputed into the final data model. The 
outputs were analyzed to confirm they had the desired accuracy, completeness, and 
overall format. Evidation assisted us with this step since the accuracy of health data is 
beyond the scope of the team’s knowledge.  
 6.2 Validation Plan 
The completion of this project is the creation of the data analysis tool, and Evidation 
assisted with ensuring that their request has been properly implemented. To validate the 
final data structure, it was sent to Evidation Health, along with a data dictionary, shown 
in the appendix in Figure 19, including a clear spreadsheet of: column names, data types, 
and what device has that specific data. In addition to that, they received a set of 
instructions from our team that outlines how the data has been transformed, this is 
integrated into the code and is shown in Figure 20 in the appendix.. Both of these things 
helped in assisting with Evidation’s validation process of the data structure.  
 6.2.1 Validation Feedback 
Evidation confirmed that this standardized data structure was their desired end product. 
This was expected due to the frequent consultations with them throughout the duration of 
the project. One minor note of changing the column names to be more user friendly was 
the only feedback from the validation process. Evidatoin also confirmed that the structure 




that the method selected for the data to be read into the structure is repeatable. Evidation 
will continue testing and analyzing the structure with incoming sets of data. 
In validation, some steps from an article by Matthew Powers were followed. Validating 
that every column intended to be included was present, was a big step in this (Powers, 
2017). Because the data schema was carefully adjusted during the verification step, the 
validation process was relatively short in comparison. 
7. Impact Analysis  
7.1 Economic Impact Nationwide Example 
President George W. Bush called for the widespread adoption of electronic medical 
records (EMRs) within ten years. Digitizing information allows for appropriate sharing of 
information electronically. For an example of how a standardized data structure can save 
money, here is a similar concept; the standardization of electronic healthcare information 
exchange and interoperability (HIEI) between providers such as hospitals, and 
independent laboratories, pharmacies, radiology centers, etc. Based on a cost benefit 
model, a fully standardized HIEI could yield a net value of $77.8 billion annually, once 
fully implemented (Walker J, 2005). A non standardized HIEI offers a smaller number of 
positive financial returns. Therefore, a compelling business case exists for the national 
implementation of a standardized HIEI, and is evidence for the cost saving potential of a 
standardized structure for wearable device data.  
7.2 Public Health Impact 
In 2013, 69% of people in the U.S. aged 18 and over reported that they track one or more 
health indicators, and 21% of those used technology, such as an app or device (Hicks, 
2019). The mobile health market is anticipated to develop to as much as $500 billion 
around the world by 2025.  
Wearable technologies provide passively collected behavioral activity data and can add 
individualized insights by providing person-level data for behavioral types. Wearable 
devices are potentially a cost-effective technique to telemonitor populations between 
healthcare visits, allowing clinicians to automatically evaluate a patient’s state, remotely 
diagnose, and intervene without waiting for the patient’s next appointment or self-report. 
Wearable devices show great value at an individual and population scale for surveillance, 
prevention, and management of acute and chronic disease.  
Wearable devices provide many potential solutions in Healthcare including aiding 
chronic health problems, mental health, assistive technologies, and medical conditions 
(Motti, Vivian & Caine, Kelly, 2015). Chronic health problem support includes the usage 
of glucometers and insulin pumps for diabetic patients, accelerometers or Glass to detect 
gait in Parkinson’s patients, and the monitoring of physiological data to support 
diagnosing Crohn’s disease. To support mental health, wearables can monitor the 
behavior of Autistic children, and detect stress levels and when to intervene. For assistive 
technologies, wearables can assist the navigation of blind users, and enhance colors’ 




impairmed users, and assist in navigation of users with motor impairments. Medical 
conditions that can be supported by wearable technology include: detection of drinking 
behaviors in alcoholic patients, monitoring diabetes during pregnancy, early diagnosis of 
breast Cancer, and monitoring the eating habits of overweight patients and tracking their 
physical activity levels.  
Figure 12 below represents wearable applications for healthcare.
 
Figure 12: Wearable Applications for Healthcare  
An example regarding the application of wearables in chronic diseases is a study that was 
done with patients who suffer from stable ischemic heart disease, which can develop 
precursor indicators not clinically detectable but have the possibility to progress into a 
major adverse cardiac event (Speier W, 2018). These patients had a high level adherence 
rate and low attrition to using these trackers over a 90-day period. Using activity tracker 
information to make clinical predictions is reliant upon the accuracy of the tracker data, 
which seems to be more accurate when taking the average result over a recorded period 
of time rather than just from a singular recording. Collected tracker data correlated 
significantly with clinically relevant patient surveys. 
Another example is a study where medical claims were integrated with mobile health 
activity tracking data to quantify the behavioral and clinical effects of influenza, and its 
impact on people with Type 2 Diabetes (Samson SI, 2021). Among patients with Type 2 
Diabetes, wearable devices were able to detect large changes in walking, exercise and 
sleep, immediately before and after an influenza episode. These results show the effects 
of influenza on the everyday life of people with diabetes. These findings can confirm the 
potential of mobile health devices that detect walking, exercise, and sleep, to quantify the 
impact of influenza on the diabetic population.  
7.3 Impact on Evidation 
“Achievement” is an app that is a product of Evidation Health, with over 4 million 




fitness app they are already using, such as Fitbit, Healthkit, or Oura Ring, and download 
their data onto Achievement. You can earn points for activities such as walking, 
meditating, logging meals, and answering questions about yourself. For every 10,000 
points you earn, you can make $10. This money can be redeemed or donated directly to 
charity. Also, based on your collected wearable data, Achievement will share insights 
back to you. Besides the individual benefit, the overall purpose of this app is to make 
contributions to the understanding of human health. Downloaded wearable data is 
combined with surveys to run studies that contribute to valuable research, and findings 
get published in top medical journals for the benefit of everyone.  
For example, in one study, over 1,000 participants were enrolled in a research attempt 
assessing how sleep played a part in the severity of anxiety and depression (Ostaeyen, 
2018). The participants self-reported anxiety and depression symptoms, the number of 
hospitalizations and ER visits for anxiety/depression they had taken, and their use of 
anxiety and depression medications. The study looked at participants’ sleep metrics and 
patterns for the previous three months. The results showed that severe depression was 
significantly associated with inconsistent and disordered sleep patterns. This could 
involve spending a large amount of time in bed but awake. Participants who were taking 
medications for their anxiety and/or depression slept more compared to those not on 
medications, though they also had inconsistent sleep patterns. And finally, participants 
that had been previously hospitalized for anxiety and/or depression were also more likely 
to have inconsistent sleep patterns. In conclusion, using data from Achievement, it was 
proven that sleep patterns can possibly be used to represent and predict the severity of an 
individual’s current and future anxiety and/or depression.  
In another study, using data from more than 100,000 people on the app, including 
individuals with one or more chronic conditions, researchers evaluated how chronic 
illness is associated with physical activity (Srinivasan, 2019). It was found that for each 
additional chronic condition reported, a person took around 250 fewer steps per day. And 
furthermore, this decline nearly doubled for people with co-existing cardiac and 
metabolic chronic conditions. These are two or more ongoing, concurrent illnesses which 
affect critical body functions. Examples include hypothyroidism and rheumatoid arthritis, 
or COPD and diabetes. It was also found that for each additional co-existing condition a 
person had, nearly 500 fewer steps were being taken a day. In conclusion, using data 
from Achievement, it was shown that for people living with chronic conditions, taking 
more steps daily can aid with disease management and a decrease in some symptoms. 
The creation of this standardized data structure will enable Evidation Health, through this 
app, to reach more Achievement members. On an individual scale, this means being able 
to provide them with even more valuable insights that could improve their health. On a 
population scale, this means more data for research efforts, and therefore contributing to 
improving the health of the overall population.  
Figure 13 below shows how the standardized structure created will fit into Evidation's 
Digital Measure solution process. Raw sensor data from different wearable devices is 




These algorithms are used to predict disease onset, progression and regression, and to 
identify key intervention points.  
 
Figure 13: Digital Measure Solution Process   
 
8. Conclusions  
8.1 Project Summary 
After identifying the problem and required deliverables, the current state was mapped out 
on a spreadsheet, and three different potential solutions were decided on as potential 
solutions with varying levels of data processing and manipulation. Using guidance from 
Evidation as well as literature-backed research, a final solution was decided on that 
involved transforming data into a standard and easy to use format, eliminating 
unnecessary categories, while still keeping the important aspects of the raw data intact. 
Once the solution was decided on, the transformation of raw data and development of the 
ETL tool was successfully created. The major steps of this project include: acquisition of 
up-to-date raw device data, effective current state mapping, exploring solution 
alternatives, solution development and decision on final solution, effective parsing, 
cleaning, and processing of raw data and upload into spark structure, ETL tool 
development for all six device metrics, in-depth impact analysis and future direction 
analysis, and carrying out an effective verification and validation plan. 
8.2 Major Accomplishments and Findings 
8.2.1 Solving Activity Based Data Collection vs Daily Aggregated Data Collection 
A key challenge in this project was working with three very different raw data formats. 




were also major differences in the way that the data was collected and stored. For activity 
data, all three devices have different methods for collecting and storing the data. Oura 
Ring collects and stores data on a day by day basis, where each data object represents one 
days worth of data. Each row represents a day, and each value in the row is the 
aggregated value for the entire day. For example, the steps category in a single row 
represents all the steps recorded for that entire day. Healthkit, on the other hand, collects 
and stores data on an activity by activity basis, where each data object represents one 
days worth of data. Each row represents a single activity, and there can be multiple 
activities per day. Using the same steps example as before, the steps category in a single 
row for healthkit represents only the steps recorded during that activity. The format of 
Fitbit is somewhat of a combination of both of the other two devices. Each data object for 
Fitbit represents a day’s worth of data, but within the nested categories there is an array 
of structs (another data structure) that has data on all the activities for the day. Each day 
has an array of structs, and each struct in the array represents an activity for the day. 
These three different data collection and storage methods were so unique that it was 
impossible to create a single standard data structure that maintained the integrity and 
information of all three devices. As a solution, two standard data structures were created 
for activity data, in order to best capture the methodology and information of all three 
devices.  
8.2.2 Aggregated Data Structure 
The first output for activity data was the aggregated data structure. This structure matches 
the format of the original raw Oura data, where each data object represents a day’s worth 
of data. Transforming the healthkit data to match this format took multiple steps. After 
extracting the activity dates from the start timestamp, the data was grouped by date and 
aggregated for all quantitative columns. Values such as steps, duration, and calories were 
summed and totalled for the day, while other categories were reduced to their average 
(eg. heart rate) or maximum (end time). The qualitative data, such as the name of the 
activity, was impossible to do any calculations on, so a new column was created to store a 
list of all the activities performed throughout the day. This allowed the qualitative data to 
be reformatted to match the daily structure, while still not losing any information about 
the activities completed by the user during the day. Transforming the Fitbit data to match 
this format was a similar challenge. The array of structs representing the day's activities 
was extracted from the raw data, and then exploded to form a new data frame with each 
row representing an activity. A similar aggregating strategy as healthkit was performed 
on this new dataframe, which was then outer joined by date with the original data 
structure to combine all of the different attributes. This extensive data transformation 
allowed all three devices to be converted to the same easy to use data structure with the 
same data representation method, while still maintaining the quality and information of 
the raw data.  
8.2.3 Expanded Data Structure 
The second output for activity data was the expanded structure. This structure was similar 
to the format of the original Healthkit data, where each data object represented the data 




included in order to provide the maximum amount of data possible. The healthkit data 
was already in a similar format, so to complete the transformation the data was 
aggregated as outlined in the previous section, then outer joined with the original data 
frame by date. To transform the fitbit data, necessary adjustments and extractions were 
made to flatten the raw data frame. Then, the activities array of structs was exploded out 
so that each row had a struct representing one activity. The struct was then broken down 
and each important value selected to form its own column in the data frame. This resulted 
in an expanded data structure with rows for each activity, and total daily values as well. 
Oura does not track individual activities, so the Oura data was reformatted to match as 
many different columns as possible, with the additional columns added as null values so 
that it was standard and compatible with the other two devices. This expanded data 
structure showcased the raw data in another format, giving Evidation analysts a variety of 
angles to look at the data with, and different options to work with as their needs change.  
9. Future Directions & Recommendations  
9.1 Solution Implementation  
The data structure needs to continue to work when new models of Fitbit, Apple watch, 
and Oura Rings come out. According to Business Insider, Apple has released a new 
smartwatch every year since 2015 (Eadicicco, 2020). Also, according to Tech Radar, 
Fitbit appears to follow a two-year release cycle with its Charge series (Ellis, 2021). In 
the future, new data sets for sleep and steps from these new devices can be continued to 
be extracted and transformed into the created standardized structure. Since the raw data 
structure is imputed using spark rather than explicitly specified prior to extraction, the 
ETL scripts should continue to function even as the APIs of these devices change. As 
new versions of devices are developed and released, it will be simple for the ETL and 
data structure to adapt. Since the raw data format is imputed with Spark, there should be 
no issues with extraction. Unless there are drastic changes to the nesting or format of the 
existing attributes, the data transformation will continue to work. The only thing 
Evidation, or whoever the user, will need to do is add additional columns representing the 
new attributes, and update for any syntax or naming convention changes to the old 
attributes.  
9.2 Recommendations on Recreation  
To recreate a similar standardized data structure, the following basic steps should be 
followed:  
Step 1: Flatten out raw data structures by removing nested data 
Step 2: Use a spreadsheet to list each device and what they have in common, referencing 
the APIs 
Step 3: Identify which categories are necessary, and which can be dropped 




9.3 Alternative Features 
This project focuses only on sleep and step data from Oura Ring, Apple Watch, and 
Fitbit, however these devices can provide much more data to its wearers that can also be 
analyzed in the future for its benefits towards healthcare. According to the Oura Ring 
website, the Oura Ring also tracks body temperature, inactivity, training frequency, and 
recovery time. It also provides you with a “readiness” score that represents how 
recovered you are from your night of sleep, and highlights how ready mentaly, 
physically, and emotionally you are ready for the day. Fitbit, depending on the model you 
get, can be more complex or less to fit your needs. According to the Fitbit website, the 
Versa 3 model can track your cardio fitness level, menstrual health, breathing rate, body 
temperature, and oxygen saturation monitoring. According to the Apple website, the 
latest version of the Apple Watch, the Series 6, monitors your blood oxygen levels, and 
can even generate an electrocardiogram similar to a single-lead electrocardiogram, that 
can provide critical data tracking heart health.  
These other features provided by these wearable devices can also be important for 
tracking and research to monitor the wearer’s health. A standardized structure, such as 
the one created in this project, would allow for ease of use of these other pieces of data 
individually, as well as in comparison with each other.   
9.4 Alternative Devices  
According to a Market Research Firm, top vendors in the global wearable technology 
market beside Apple and Fitbit include the Adidas Group, Sony Corporation, Qualcomm 
Technologies, Inc., LG Electronics, Inc. Alphabet, Inc., Samsung Electronics Co., Ltd., 
Garmin Ltd, and Xiaomi Technology Co. These companies have their own devices that 
can be analyzed in the future. Again, a standardized structure, such as the one created in 
this project, would allow for ease of use and comparison of data collected by these other 
devices as well.  
9.5 Industry Forecast 
According to a Market Study Report (2020), the worldwide wearable technology industry 
was valued at 28 billion dollars in 2019, and is projected to grow 15.51% over the period 
of 2020-2027. By 2027, it is projected to be a 88.7 billion dollar market. This accounts 
for all different types of wearable devices, including bodywear, neckwear, footwear, 
headwear, eyewear, and wristwear. Applications of these wearable devices besides 
healthcare include enterprise and industrial applications, consumer electronics, aviation, 
marine, and military and defense.  
9.6 Improvements in Technology  
Wearable technology is constantly being improved upon, making it consistently more 
useful in healthcare every year. Some future updates to be made are improvements in the 
hardware, including sensor accuracy, battery life, wireless communication, and increased 
utility in resource- limited settings (Dunn, Runge, 2018). These improvements will allow 




studies to be done with collected data. Also, in the future, physical makeup of the 
wearable devices should be further developed, making them lighter in weight and smaller 
in size for wearing convenience. In addition, to bring into consideration human factors, 
the amount of human interaction required with the device will need to decrease, so that 
the device is self sufficient in its method of collecting.  
9.7 COVID-19  
COVID-19 has changed the way healthcare is currently being provided, and will be 
provided in the future. During the pandemic, the ability to perform remote healthcare 
visits has become extremely valuable. In-person visits put vulnerable persons at risk, 
exposing them unnecessarily. During COVID-19 most primary care and specialty offices 
have transitioned into a telemedicine-focused approach. Wearable devices and the ability 
they provide for patients to be monitored remotely while giving real-time data, will play 
an important role in the future of healthcare (Greiwe, Nyenhuis 2020). Chronically ill 
patients and those with other health conditions like asthma, COPD, diabetes, or 
cardiovascular disease, stand to benefit from at home monitoring, taking advantage of the 
cheap, simple, usable data that wearable devices provide.  
9.8 Future Challenges 
In 1973, people began using a pedometer to assess clinical trial outcomes of miles walked 
(Pevnick, Birkeland, 2018). While technology has come very far since that, challenges 
still remain for future widespread use of wearable activity monitors in clinical practice. 
Further research using them with both sick and healthy populations must be done. Also, 
long term consistent use of wearable monitors has not been done yet, and the 
effectiveness of this has not been proven.  
There are also barriers of implementation in both the healthcare system and the wearable 
technologies industry that need to be addressed (Lewy, 2015). Within the healthcare 
system, the model of care and sharing information among healthcare providers must be 
altered to allow collaboration in the process of development and implementation of 
wearable devices in healthcare. Methods must be created that allow wearables data to be 
incorporated into the electronic health record. There is also a challenge in finding the best 
ways to incorporate these devices into clinical practice and workflows, without increasing 
workload and the cost of healthcare services. For wearable technology developers, their 
task is to create easily integratable and effective solutions to be utilized efficiently in 
healthcare practices. The ability to analyze and use the collected data will largely 
determine the clinical utility of wearable devices. Models such as the standardized one 
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11. Appendices  
11.1 Communication  
Fall quarter, weekly meetings with the sponsor Nicole Buechler were scheduled 
Thursdays from 2:00-2:30 PM. In Winter, bi-weekly meetings were held at the same 
time, but with our replacement sponsor; Filip Jankovic. In Spring, bi-weekly meetings 
were held Wedensdays from 1:00-1:30PM with Filip. These meetings were all held over 
Zoom. Some weeks, no meeting was necessary, and communication was held over email. 
Below, in Table 4, is a weekly log of all the meetings.   
 




10/8/20 Nicole Buechler, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Introductions, scope of 
project, clarifying 
questions 
10/15/20 Nicole Buechler, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Clarify end goal, big 
milestones, choosing 
biometric data, WBS 
discussion 
10/29/20 Nicole Buechler, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
No meeting, conducting 
research as a team 
11/5/20 Nicole Buechler, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Contacted sponsor told 
her in need of example 
data soon 
11/12/20 Nicole Buechler, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Went over example data 
asked clarifying 
questions, familiarize 
ourselves with data 
1/21/21 Filip Jankovic, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Introductions to the new 
sponsor. Discussed 
getting a new data set. 
2/4/21 Filip Jankovic, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Reviewed new data set. 
Asked clarifying 
questions. 
2/18/21 Filip Jankovic, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Discussed issues with 
Oura ring data. Looked 
into obtaining Healthkit 
Sleep data. 
3/10/21 Filip Jankovic, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Presented report in lab. 





4/23/21 Filip Jankovic, Jamie 
Cullen, 
Monroe Erle 
Discussion of code and 
data dictionary details. 
Discussion of final 
product transition to 
Evidation. 
5/12/21 Filip Jankovic, Jamie 
Cullen, 
Jade DeSmet,  
Monroe Erle 
Review code. Discussion 
of final video and 
product transition to 
Evidation. 
 
Table 4 Communication 
 
11.2 Project Management Analysis 
 11.2.1 Fall Work Breakdown Structure 
A Work Breakdown Structure was created using Microsoft Project on October 8th, 2020. 
This was to help guide through due dates and keep the project on track.  
 









11.2.2 Winter Work Breakdown Structure 
A Work Breakdown Structure was created using Microsoft Project on January 6th, 2021. 
This was to help guide through due dates and keep the project on track. 
 













11.2.3 Spring Work Breakdown Structure 
A Work Breakdown Structure was created using Microsoft Project on April 1st, 2021. 




















 Figure 19: Data Dictionary Example Sleep Data 
 















Figure 22: Activity Expanded Data Schema 
